Abstract. Aiming at the adulteration of sesame oil, our research is focused on using near-infrared spectroscopy combined with chemometrics to achieve rapid detection. The near-infrared spectrum of the sample was collected, and the data analysis and modeling were conducted on MATLAB. The raw spectral data was pretreated using multiplicative scatter correction (MSC) and standard normal variate (SNV). Support vector machine (SNM) model was established by using competitive adaptive reweighed sampling (CARS) and combined synergy interval partial least squares (SiPLS) to select characteristic spectral data. The highest correct recognition rate of the qualitative model is 100%, the mean square error MSE of the quantitative model is 0.0829, and the correlation error R is 99.0772%. The results prove that the support vector machine classification model established by near-infrared spectroscopy combined with chemometrics can qualitatively detect whether sesame oil is adulterated. In the meanwhile, the SNM model can quantitatively predict the content of active components.
Introduction
Sesame oil is a common vegetable oil in life. It is rich in vitamin E and linoleic acid. [1] It smells aromatic and it is a kind of high-quality, high-nutrient oil. However, many inspectors have found that adulteration of sesame oil has appeared in the market in recent years. Some of the sesame oil was blended with aroma oil or the residual oil that extracted from waste to replenish and fake sesame oil in order to achieve high-interest benefits, which seriously affecting consumer rights. [2] Therefore, it is of great significance to develop a rapid and effective sesame oil detection method to differentiate real sesame oil with adulterated sesame oil. Currently, there are many studies on the sesame oil adulteration. However, these detections are all for binary adulterated sesame oil, and it is impossible to detect ternary or multi-adulterated sesame oil. However, it is usually impossible to predict the specific method of adulteration in practice. In this study, Near Infrared Spectroscopy (NIRS) combined with Support Vector Machines (SVM) was used to establish multi-adulterated sesame oil (including binary and ternary adulterated sesame oil model). The model can detect both binary adulterated sesame oil and ternary adulterated sesame oil. It can not only qualitatively detect the authenticity of sesame oil, but also predict the actual content of sesame oil in the sample. The research is more practical. [3] 
Experiment

Sample and Sample Partition
Sample Selection and Preparation. The binary adulterated sesame oil sample was mixed at a ratio of 35% or less to a concentration gradient of 2%, and more than 35% was prepared at a concentration gradient of 5%. Soybean oil and rapeseed oil accounted for 1% to 50% of the ternary adulterated sesame oil samples, respectively. The concentration gradient below 10% is 1%. The concentration gradient of 10%~30% is 2%, and the concentration gradient of 30%~50% is 5%. The adulterated oil sample is shown in Table 1 . Sample Division. Sample Set Partitioning Based On Joint X-Y distance (SPXY) was mentioned by Galvão et al. based on the KS method. [4] The SPXY method divides the calibration set and the prediction set by 3:1 based on the relationship between the NIRS absorbance data and the content. [5] Among them, the correction set is used to train the model, and the prediction set is used to evaluate the model performance.
Instrument and Software
The host developed by our research group is AxsunXL410 laser near-infrared spectrometer (AXSUN, USA), the spectrum measurement range is 1350～1800 nm, the number of scans is 32 times, the resolution is 3.5 cm -1 , the wavelength repeatability is 0.01 nm, and the signal-to-noise ratio ( 250 ms, RMS) > 5500:1.
Spectral Acquisition
The edible oil was sampled at room temperature, and each edible oil sample was packed 3 times. The original spectrum of the edible oil was collected by laser near-infrared spectroscopy, and the average spectrum of the collected three stable spectra was taken as the final spectrum.
Results and Discussion
The collected raw spectra were processed and analyzed by MATLAB, including pretreatment, preferred characteristic spectral data, qualitative and quantitative models. 
Spectral Pretreatment
Multiplicative Scatter Correction. Multiplicative Scattering Correction (MSC) firstly obtains the near-infrared spectral average spectra X1 of all samples, and then, the near-infrared spectrum (NIRS) and the average spectrum of each sample were subjected to a linear regression to obtain a regression constant and a regression coefficient with respect to the average spectrum. Finally, the regression constant was subtracted from the original spectra of each sample, and the regression coefficient was used to correct the baseline relative tilt of the spectrum, [6] which can correct the baseline translation and offset and improve the spectral signal-to-noise ratio.
Standard Normal Variate. Unlike MSC, SNV processes NIRs data one by one, and can eliminate the effects of solid particle size, surface scattering, and optical path transformation on NIR diffuse reflectance spectra.
MSC and SNV pretreatment were applied to the raw spectra. NIRS after MSC and SNV pretreatment with multi-adulterated sesame oil samples are shown in Figure 1 and 2. After pretreatment, the spectrum is obviously concentrated, which effectively corrects the baseline shift and offset, surface scattering and diffuse reflection interference, which is beneficial to subsequent wavelength selection and model establishment. 
Preferred Characteristic Spectral Data
This experiment used CARS and SiPLS to optimize the spectral data. CARS adopted adaptive re-weighed and Monte Carlo sampling. In the PLS model, the wavelength point with the absolute value of the regression coefficient was selected, and the wavelength point with small weight was removed. The subset with the smallest root means square error of cross-validation (RMSECV) value was selected. Therefore, CARS can effectively find the optical combination of modeling variates. On the basis of interval partial least squares modeling (iPLS), SiPLS combines the sub-interval of several partial models with higher precision in the same interval, and uses the RMSECV value of the joint model as the accuracy measure of each type. The sub-interval combination corresponding to the smallest RMSECV is the optimal combination.
The 451 NIRS data pretreated by CARS and SiPLS were used to find the optimal variable extraction method. The number of variables in the qualitative/quantitative samples of sesame oil after two variables were optimized, which are shown in Table 2 . It can be seen that the modeling variables can be effectively reduced by CARS and SiPLS and the modeling speed was improved. 
Qualitative-quantitative Modeling Method
The raw spectra, the spectra after pretreatment, and the spectra of the selected characteristic modeling variables were used to establish the qualitative identification model of multi-adulterated sesame oil by SVC respectively. The SVC was used to establish an identification model for multi-adulterated sesame oil. A multi-adulterated prediction model for sesame oil was established by SVR. Applied the grid search method (CV) to rough selection and then selected the best SVM modeling parameters (C, g).
Qualitative Model. For the NIRS of the raw spectra and the MSC and SNV pretreated multi-adulterated oil samples, a full-band and SVC model optimized by CARS and SiPLS featured variables was established. Multi-adulterated sesame oil authenticity identification SNV-SiPLS-SVC model correction set and prediction set prediction results are shown in Figures 3 and 4 . The parameters of the authenticity identification model of the multi-adulterated sesame oil are shown in Table 3 . It can be seen from Table 3 that the authenticity of sesame oil can be identified by using the NIRS method combined with SVC, and the identification accuracy was up to 100%. Although the accuracy of the SVC model prediction set was 100% for the raw spectra, the C value was larger in the parameters (C, g), which was not the optimal modeling method for the authenticity identification of sesame oil. However, after the SNV pretreatment of the raw spectra, SiPLS reduced the NIRS modeling variables from 451 to 72, the modeling efficiency of the established SNV-SiPLS-SVC model was significantly improved, and the accuracy of model correction set and prediction set were 98.4081% and 99.1304%, respectively. (Figure 3 and Figure 4 ) CV was used to find the best modeling parameters (C, g) of the SVC model. The C value was 256, the g value was 8, the parameter combination (C, g) was small, the model generalization ability and the comprehensive performance was good. Quantitative Model. A multi-adulterated model of sesame oil was established. The regression model established by the raw spectra of the sample and the model established by the MSC and SNV pretreatment full-band SVR were compared with the model established by CARS and SiPLS-treated feature band SVR to find the optimal model. The results of SNV-SiPLS-SVR model correction set and prediction set prediction results are shown in Figure 5 and Figure 6 , respectively. The parameters of the prediction set of multi-adulterated sesame oil content are shown in Table 4 . It can be seen from Table 4 that the SVR quantitative prediction model of sesame oil has a good correlation with the calibration set and the error was small, which indicate that the SVR can quantitatively predict its content. As shown in the above table, the correlation coefficient of each model after pretreatment of the raw spectra of the experimental sample was improved, and the mean square error was reduced, indicating the necessity of the pretreatment in NIRS modeling. The spectral data was optimized. The spectral data was optimized with CARS and SiPLS, the best wavelength was selected. The characteristic band model with CARS optimization was slightly lower than the full band model. However, after the optimization, the modeling speed was fast and the required time was short, which was suitable for rapid detection. After applying the SiPLS preferred variables, the model parameters were basically unchanged, and the modeling variables were reduced, indicating that the application of SiPLS can select the best feature modeling variables. Therefore, the SNV-SiPLS-SVR model is the optimal model. Its SVR modeling parameter (C, g) has a g value of 4, which was small. The correlation coefficient R and the mean square error MSE of the correction set and the prediction set were 99.5234% and 99.0609%, 0.0416 and 0.0842, respectively ( Figure 5 and Figure 6 ), the correlation degree was high, the MSE was small and the difference was small, and the model prediction ability was good.
Conclusion
In this paper, the original NIRS experiment samples were pretreated by MSC and SNV, CARS and SiPLS optimized feature modeling variables, and established a qualitative and quantitative prediction model of multi-adulterated sesame oil. The authenticity of sesame oil was classified and identified by SVC. The real content of multi-adulterated sesame oil was predicted by SVR. The results showed that the application of SVM can realize the qualitative identification and quantitative prediction of multi-adulterated sesame oil.
To identify the authenticity of multi-adulterated sesame oil, the SVC model was established by using MSC, SNV, CARS, and SiPLS. The highest accuracy of the prediction set was 100% and the lowest was 98.6957%. The model identification rate was high and the effect was stable. The above samples were used to predict the content of sesame oil in the multi-adulterated sesame oil samples, and the SVR model was established using MSC, SNV, CARS, and SiPLS. The model prediction effect should be evaluated using the correlation coefficient R and the mean square error MSE. The overall correlation coefficient R of the sample was close to 1, the mean square error MSE was small, the difference between the correction set and the prediction set MSE was small, and the overall prediction effect of the SVR model was good.
